HLA allele 19, 23 , TCR escape mutations can retain immunogenicity in subsequent hosts 1, 17, 24, 25 , and the loss of some epitopes in the founder virus may simply result in targeting of other epitopes 12 .
Resolving the role of transmitted escape in HIV progression is central to both vaccine design and epidemiology. A leading hypothesis as to why T cell vaccines based on whole-protein immunogens have failed to reduce postinfection VL is that they have not adequately accounted for the role of immune escape and viral diversity 26 . Alternative vaccine strategies have thus emerged. One aims to focus the immune response on relatively conserved HIV regions ('conserved element vaccines') [27] [28] [29] [30] , whereas another aims to stimulate variant-specific responses by incorporating multiple immunogens that reflect circulating viral diversity ('polyvalent vaccines') 31 . A key assumption of these strategiesand of the polyvalent approach in particular-is that effective immune responses can be elicited against epitope variants, including those representing HLA-specific escape mutations. This assumption, however, conflicts with concerns that the stable transmission and accumulation of CTL escape mutations at the population level will gradually compromise host immunity and result in increased HIV virulence as the pandemic progresses 20 . Such concerns assume escape variants are universally nonimmunogenic and carry low fitness costs. Furthermore, efforts to quantify the extent to which VL is 'heritable' (i.e., determined by the viral sequence) make critical simplifying assumptions, such as that viral and host genetics act independently on VL and that escaped epitopes are nonimmunogenic 32, 33 . Thus, fundamental working theories on HIV pathogenesis and vaccine design currently operate on strong-and often opposingassumptions regarding the impact of transmitted immune escape.
RESULTS

Estimating viral adaptation to HLA
The complexity of escape has prevented in-depth study of the clinical consequences of transmitted and within-host escape. Although escape mutations can be predicted remarkably well on the basis of HLA subtype, there is a strong stochastic component to both CTL targeting 34 and escape selection 3 . We therefore sought to reduce the complexity of escape to a single metric, which we call "adaptation". Adaptation to a particular HLA allele h is rooted in a probabilistic model that compares what an HIV sequence would 'look like' were it to evolve indefinitely in a host whose immune system either (1) solely targeted epitopes restricted by h or (2) did not target any HLA-restricted epitopes. We then wrote the adaptation of a particular sequence s to h as Adapt h (s) = g((Pr(s|h))/(Pr(s|ø))), where Pr(s|h) captures scenario 1, Pr(s|ø) captures scenario 2 and g(·) scales the ratio so that it is symmetric on the interval from −1 to 1, such that the extremes respectively indicate that the sequence would never be observed or would be observed only in an individual expressing that allele.
We defined four types of scores: (1) 'autologous adaptation' compares the autologous viral sequence to an individual's alleles; (2) 'heterologous adaptation' compares a nonautologous virus to an individual's alleles; (3) 'circulating adaptation' is the average heterologous adaptation over all viruses in a cohort with respect to an individual's alleles; and (4) 'transmitted adaptation' is the autologous adaptation of an individual's founder virus. These scores can be defined with respect to a single HLA allele ('allele-specific adaptation') or to an individual's HLA repertoire (the average over the individual's allele-specific scores). Further, the adaptation similarity of two alleles (or individuals) is the Pearson correlation coefficient of their respective scores over a panel of heterologous viral sequences. Adaptation can be defined with respect to each viral protein, but it is unclear whether adaptation scores are comparable among proteins (Supplementary Note 1).
Estimation of adaptation requires estimation of the conditional probability distribution Pr(s|h). To this end, we extended the phylogenetic logistic regression framework 35 to allow estimation of the probability of observing any amino acid, at any site, conditional on any set of HLA alleles (Online Methods; an implementation is available at https://phylod.research.microsoft.com). We trained two separate models for HIV adaptation on the basis of the availability of linked HLA and sequence data for chronically infected, untreated individuals. The HIV-1 subtype B (HIVB) model was trained on the International HIV Adaptation Collaborative (IHAC) cohort 36 , which consists of 1,888 individuals from North America and Australia with sequences from all HIV proteins except gp120. The HIV-1 subtype C (HIVC) model was trained on a set of cohorts from southern Africa 9 consisting of 2,037 individuals with Gag, Pol and Nef sequences. Supplementary  Figure 1 presents a synopsis of the data sets used in this work.
As expected, autologous adaptation was substantially higher than heterologous adaptation ( Fig. 1a and Supplementary Fig. 2a) , and mean autologous adaptation increased during the first 2 years of infection and beyond ( Fig. 1b and Supplementary Fig. 2b,c) . These results indicate that adaptation is a measure of subject-specific viral variation. Nevertheless, there was substantial overlap between autologous and heterologous adaptation, which indicates that some individuals will by chance be infected by a virus that is pre-adapted to their HLA alleles. Within-host adaptation accelerates disease progression If within-host adaptation in the context of a robust CTL response drives pathogenesis, then our measure of autologous adaptation should correlate with clinical markers of disease progression. Consistent with prior reports 37 , we observed significantly lower levels of autologous adaptation in HIVB-infected controllers than in noncontrollers (Fig. 2a) . This pattern held across all HLA loci and proteins, as well as among individuals expressing protective alleles ( Supplementary  Fig. 3a,b) . Similarly, among 2,917 chronically infected noncontrollers, autologous adaptation was the most important predictor of both VL and CD4 + T cell counts (Supplementary Table 1 ). This result was consistent across HIV subtypes and statistical models, and it persisted when host and viral covariates were added to the models. Critically, allele-specific autologous adaptation completely abrogated the protection attributable to each HLA allele ( Fig. 2b and Supplementary Figs. 3c and 4) , including alleles for which multiple escape mutations are known to carry substantial in vitro fitness costs 5, 6 . This result indicates that the benefit the virus receives from evading the CTL responses outweighs any reduction in intrinsic fitness, and it suggests either that the majority of escape mutations have a negligible impact on intrinsic fitness or that any such reduction is typically compensated for by other mutations. Indeed, there was no clear association between autologous Gag adaptation and in vitro viral gag-protease replicative capacity (vRC, measured as the relative growth rate of NL4-3 recombinant viruses encoding subject-derived gag-protease sequences) over all HLA alleles (Supplementary Fig. 5a,b) or among protective alleles (Supplementary Fig. 5c ). This is consistent with the disappearance of any association between protective alleles and vRC over the course of chronic infection 38, 39 .
The conserved element vaccine strategy targets epitopes believed to be relatively resistant to escape, under the assumption that robust CTL responses in the absence of escape are crucial for control [27] [28] [29] [30] . To test this hypothesis using our metric for adaptation, we measured Gag-specific CTL responses among 691 HIVC-infected individuals from Durban using 18-mer overlapping peptides (OLPs) based on the subtype C consensus. We then stratified these individuals by both Gag-specific autologous adaptation and response breadth. This stratification demonstrated that the reduction in VL associated with a broad Gag-specific CTL response is observed primarily among individuals whose virus has not adapted to that response (Fig. 2c) . Indeed, high levels of adaptation nearly eliminated the benefit of targeting Gag. In the absence of a CTL response, adaptation was not associated with changes in VL (Fig. 2c) . This suggests that escape primarily influences VL by reducing effective immune responses, not by reducing intrinsic viral fitness. Critically, the lowest VLs were observed among individuals who broadly targeted Gag yet harbored low levels of autologous adaptation. These individuals seemed to be mounting a robust CTL response, associated with a substantial reduction of VL, but with limited selection of escape variants. These observations support the idea of protective responses as those that broadly target 'difficult-to-escape' epitopes 2, 28 , which in turn directly supports vaccine strategies that aim to elicit such responses [27] [28] [29] . We did not observe an interaction between adaptation and the number of OLP-eliciting responses in Pol or Nef; however, Pol adaptation was positively correlated with VL (Supplementary Fig. 6 ). In contrast 40 .
The ability to define a single metric for adaptation allows us to address the question of whether high levels of autologous adaptation are predictive of future disease progression or simply the result of high virus replication. To this end, we applied an autoregression model to longitudinal VL and sequence samples from the Zambian transmission-pair cohort 9 to test whether autologous adaptation can be used to predict future changes in VL. VL at each time point was modeled as a function of the prior two VL measurements and adaptation at the previous VL measurement, with additional clinical covariates. On average, one s.d. difference in autologous adaptation predicted an additional 0.13 log increase in VL (P < 0.001), whereas VL did not significantly predict subsequent changes in adaptation (Supplementary Fig. 7) . Thus, these longitudinal data are consistent with adaptation (on average) driving subsequent changes in VL, not vice versa.
Transmitted adaptation predicts accelerated disease progression
The majority of amino acid variants present in the donor consensus sequence are transmitted to the recipient 9 . Although some of these variants have been linked to lower VL in HLA-mismatched recipients owing to presumed reduced intrinsic viral fitness 7, 8 , if the variants are adapted with respect to the recipient's HLA alleles, they have the potential to undermine the host immune response 41 .
We therefore measured the extent to which the donor HIV Gag, Pol and Nef sequences were by chance pre-adapted to the recipients' HLA alleles in 129 HIVC-infected, epidemiologically linked Zambian transmission pairs 9 . The extent of transmitted adaptation was associated with an increased rate of CD4 + T cell decline (Fig. 3a) and was correlated with recipient VL (Fig. 3b) . Overall, transmitted adaptation explained more variation in recipient VL (both early (<12 months after infection) and late) than did HLA alleles, vRC, donor VL, age or (for late VL) sex (Supplementary Table 2 ).
To confirm the role of transmitted adaptation as a predictor of disease progression in newly infected individuals, we evaluated a separate cohort of individuals who were infected during the Step Study HIV vaccine trial 42 . Consistent with our findings in the Zambian cohort, VL was correlated with adaptation of inferred founder viruses to host HLA alleles among seroconverting participants ( Fig. 3c and Supplementary Table 2 ). The larger correlation coefficient in the
Step data compared to that for the Zambian data may be explained by differences among males and females, as the correlation for Zambian males was comparable to that observed in the (all-male) Step data (Supplementary Table 2 ), though this sex difference was not statistically significant within the Zambian cohort.
To determine whether transmitted adaptation affects VL and CD4 + T cell counts many years into infection, we used circulating adaptation (over all virus sequences within a cohort) as an estimate for expected transmitted adaptation for each individual in our chronic infection npg cohorts. Overall, the level of circulating adaptation to an individual's HLA alleles was an independent predictor of both VL and CD4 + T cell counts (Supplementary Table 3 ), suggesting that transmitted adaptation has long-term effects on natural control.
Adaptation confounds estimation of genetic effects on VL
The impact of autologous and transmitted adaptation on markers of disease progression implies a strong interaction between viral and host genetics with respect to these markers. Such interactions suggest that population-level estimates of epidemiologic parameters will depend on the circulating virus and the predominant host alleles in a particular population. Indeed, allele-specific circulating adaptation explained much of the variation in HLA-specific VL and CD4 + T cell effects ( Fig. 4a and Supplementary Fig. 8a-c) , suggesting that protective alleles are those for which the circulating virus is not well adapted. Moreover, among four alleles with evidence of differential impact on VL in three Southern African cities, the relative differences in city-specific VL effects were largely explained by relative differences in city-specific circulating adaptation ( Fig. 4b and Supplementary Fig. 8d ). Thus, circulating adaptation may explain many of the differences in allele-specific associations with markers of disease progression among diverse cohorts; this supports the hypothesis that accumulation of escape mutations in a population will undermine natural control 20, 22 .
The role of viral genetics in determining VL can be quantified with population-level estimates of VL heritability 32 . Published estimates vary from 6% to 59%, with a recent meta-analysis of transmission-pair cohorts estimating broad-sense heritability at 33% (95% confidence interval (CI): 20-46%) 32 . However, the results presented here suggest that the relationship between donor and recipient VL will be substantially stronger among pairs with 'similar' HLA alleles, as autologous adaptation in such donors (resulting in higher donor VL) will result in increased transmitted adaptation to their recipients (resulting in higher recipient VL).
Indeed, over the set of all 275 HLA-typed Zambian transmission pairs 43, 44 , heritability was estimated at 18% (95% CI: 4-31%). However, when we stratified couples by HLA-B adaptation similarity (Online Methods), heritability ranged from 2% (lower tertile) to 41% (upper tertile; P = 0.009; Fig. 4c and Supplementary Table 4) . Thus, heritability estimates vary widely as a function of how similar the recipient's alleles are to the donor's, suggesting that discordant heritability estimates in the literature may in part be due to differing levels of HLA heterogeneity in the cohorts.
Dysfunctional responses to pre-adapted transmitted epitopes
The results presented so far suggest that infection by pre-adapted viruses compromises both the initial and the long-term efficacy of CTL responses. To confirm this hypothesis, we tested epitope-specific responses to autologous peptides from 11 individuals recently infected with a single HIVB founder virus (median: 31 d after infection). For each individual, we defined the founder virus sequence and identified all of the HLA-matched, optimally defined epitopes it encoded 45 . Each founder virus epitope that matched the most prevalent circulating HIVB sequence and did not harbor an escape polymorphism was then classified as nonadapted; all other epitopes were classified as adapted. Autologous adapted founder virus epitopes were less likely npg than nonadapted epitopes to elicit an interferon-γ (IFNγ) response (Fig. 5a) , and the response rate correlated inversely with the proportion of adapted epitopes in the founder virus (Fig. 5b) , suggesting that transmitted adapted epitopes are less immunogenic. In many cases, decreased responses to adapted founder virus epitopes are probably attributable to escape-induced reductions in HLA binding affinity 36 . However, in the current study the HLA-peptide binding affinity of numerous nonimmunogenic adapted epitopes was similar to that of immunogenic nonadapted epitopes (Fig. 5c,d) , suggesting that some adapted mutations confer escape by exploiting holes in the TCR repertoire. Moreover, for all three epitopes that elicited responses in both adapted and nonadapted variants, the adapted epitopes elicited substantially weaker cytotoxic responses than the nonadapted variant did (Fig. 5e-g ). These differences could not be explained by HLA-I binding or T cell polyfunctionality (Fig. 5c,d and Supplementary Fig. 9a-c) , but they were consistent with reduced antigen sensitivity and magnitude of IFNγ response ( Fig. 5h and  Supplementary Fig. 9d ). Together, these in vivo and in vitro data indicate that, when present in the founder virus, adapted epitopes are generally poorly immunogenic and, when recognized, elicit suboptimal primary CTL responses.
Vaccination with adapted epitopes
If acquisition of a pre-adapted founder virus at transmission undermines initial host CTL responses, then the quality of vaccine-induced immune responses is likely to depend on the extent to which the vaccine insert is pre-adapted to a recipient's HLA alleles. The Step Study vaccine trial provided us with an opportunity to investigate this hypothesis 46 . Among trial participants, there was evidence of a weak inverse correlation between the extent to which the vaccine insert was adapted to an individual's HLA alleles and preinfection pooled IFNγ response magnitudes in ELISpot assays, as measured by two independent laboratories (Supplementary Fig. 10 ). These observations suggest that different vaccine insert sequences will result in qualitatively different-yet predictable-immune responses in the same individual. Whether simultaneous immunization by polyvalent vaccines will focus the immune response on functional, nonadapted epitopes, or whether such a strategy risks eliciting suboptimal, nonprotective responses to adapted epitopes, remains an important open question.
DISCUSSION
Although the importance of the CTL response, and of the presence of immune-mediated escape, in the context of HIV infection has been generally recognized for 20 years, the link between transmitted and within-host adaptation and disease progression has been obscured by the complexity of in vivo targeting and escape. By directly measuring adaptation using a probabilistic model, we have provided a general framework for estimating host-specific viral adaptation. The results demonstrate the dominant role HLA escape variants have in mediating disease progression, thereby validating some common assumptions while refuting others.
The role of autologous adaptation as a primary correlate of (and predecessor to) key markers of disease progression argues that an effective immune response is one that controls viral replication in the absence of escape (Fig. 2c) . This stands in contrast to suggestions that an effective immune response drives the selection of escape mutations that substantially reduce intrinsic fitness. Although it is likely that the cost to intrinsic fitness of potential escape variants is critical to delaying time to escape 47 , and thus will serve as a useful correlate of protection in identifying potential vaccine candidates 2,27-29 , escape mutations are selected in vivo precisely because they increase overall fitness. In theory, in vivo fitness may not be fully restored by escape, but we found that high levels of adaptation were strongly linked to high VL and loss of allele-specific control, indicating that compensatory mutations typically offset any reduced intrinsic fitness within a clinically relevant time frame. It may also be possible to reduce escape by increasing the breadth of the immune response 47 , though such strategies must take care to account for transmitted adaptation.
Indeed, the impact of transmitted adaptation on host immunity and disease progression is critical. From an epidemiologic perspective, the interaction of host and viral genetic effects undermines efforts to predict individual and population outcomes on the basis of host or viral genetics alone. For example, estimates of VL heritability depend on the degree of similarity between donor and recipient HLA alleles, and allele-specific circulating adaptation explains much of the variation in natural control attributed to individual HLA alleles. Moreover, circulating adaptation defines why some alleles are protective only in certain regions 20, 22, 48 and predicts clinical outcomes for individuals, suggesting that an individual's prognosis will depend in part on the region in which the infection is acquired. These results further provide explanations for epidemiologic observations that may influence transmitted adaptation, including reduced VL associated with rare alleles 49 and elevated VL associated with multiple-virus infection 50 or infection by a partner with a shared B allele 43 . By undermining HLA-mediated control, accumulation of escape variants in different populations will thus (all else being equal) lead to increasing average viral loads as the pandemic progresses, though other factors may mitigate this process 22 . Measuring transmitted and within-host adaptation will thus be critical for clinical and observational trials in which reduction in VL or rate of CD4 + T cell decline is a primary or secondary endpoint.
From an immunologic perspective, the inability of primary immune responses to effectively target adapted epitopes casts doubt on the efficacy of prophylactic and therapeutic vaccine strategies that seek to elicit responses to such variants and argues instead for conserved element approaches that target a restricted set of epitopes with limited circulating variation. Furthermore, the observation that some adapted epitopes may competently bind their cognate HLA and elicit detectable, yet dysfunctional, responses suggests that the virus is exploiting biases in the circulating naive TCR pool 51, 52 . Such dysfunctional responses argue for in-depth screening for virus-inhibiting responses throughout the vaccine-development cycle and raise the disturbing possibility that dysfunctional responses are causally worse than the complete absence of a response 53 .
By combining the largest, most feature-rich data sets available with a novel statistical method for summarizing the extent of cellular immune adaptation, we have demonstrated the ability of HIV to exploit universal 'holes' in the adaptive immune response. These holes explain much of the HLA-and region-specific heterogeneity in clinical outcomes and suggest that vaccine-induced 'sieving' 54 may not simply result from insufficient vaccine coverage, but is in part inherent in the limitations of the naive immune system. Accounting for these holes will be imperative in ongoing efforts to design strategies that leverage the CTL response to prevent infection [27] [28] [29] [30] [31] or clear the latent reservoir 55 .
METHODS
Methods and any associated references are available in the online version of the paper.
npg ONLINE METHODS
Data sets. This study used previously described data sets 9, 10, 13, [36] [37] [38] [42] [43] [44] 46, 54, , as outlined in Supplementary Figure 1 and detailed in Supplementary Note 2.
Functional data for acute infection cohort. Functional experiments, performed as previously described 36, 45, 53, [78] [79] [80] [81] [82] [83] [84] [85] [86] [87] [88] , are detailed in Supplementary Note 3.
Statistical methods. For each cohort, VL was transformed using log 10 , and CD4 + T cell counts were transformed using the Box-Cox procedure 89 , applied separately to all British Columbia (λ = 0.45) and all Southern Africa (λ = 0.58) data, to make the counts as close to normally distributed as possible. The resulting distributions in the chronic infection cohorts remained modestly right-skewed (CD4 + T cells) and left-skewed (VL). This effect was most extreme for the British Columbia data, where VL was right-censored at 10 6 copies per ml. Such censoring may affect model estimates; therefore we focused cross-sectional analyses on the Southern Africa data and used nonparametric tests where possible (see below). The associations between adaptation and VL or CD4 + T cell count were highly significant whether estimated with the mixed model (to account for confounders) or Spearman rank correlation (to account for non-normality).
Where HLA alleles were typed to low or medium resolution, we estimated a probability distribution over HLA haplotypes as previously described 90 . The distributions were used in training and application of the adaptation model as described below. When used as independent variables in standard generalized linear fixed and mixed-effects models, we imputed the HLA alleles by calculating the marginal probability that the individual expressed each HLA supertype, type and subtype. The marginal probabilities for each HLA were then treated as a fractional observation of that HLA. HLA alleles were treated as (possibly fractionally observed) binary variables, such that homozygosity was not encoded in the models.
The adaptation model training was based on HLA and viral genetic data alone; clinical parameters were not considered in the model training. Autologous adaptation for the Southern Africa, British Columbia and Zambian transmission-pair cohorts were estimated out of sample using tenfold cross-validation. Individuals lacking both VL and CD4 + T cell data were used in the training sets for all ten folds. For the IHAC cohort, clinical parameters were available for only the British Columbia cohort. Thus, all individuals from the ACTG and Western Australia cohorts were included in all cross-validation partitions. All other adaptation scores were computed from models trained on the entire Southern Africa (HIVC) or IHAC (HIVB) data set.
All reported P values are from two-sided tests and are unadjusted for multiple comparisons. Where a large number of comparisons was used, false discovery rates in the form of q-values are reported 91, 92 . Wherever possible, analyses were adjusted for subject age, sex, cohort of origin and HLA alleles. Age was dichotomized at ≥40 (ref. 93) . HLA alleles were treated as random effects (see below). For the British Columbia data, sampling year was treated as a random effect. For the Zambian transmission pairs, no significant effect was observed for sampling year; we therefore used a dichotomous fixed effect (around median sampling year) as a covariate. For the Southern Africa data, sampling dates were not available for a substantial number of samples; however, each data set (with the exception of that for the Zambia cohort) included samples collected within a small time frame. Therefore, any variation due to sampling time is approximately captured by the cohort indicator variables. For all analyses, missing demographic data (age, sex, sampling year) were imputed using linear imputation; individuals with missing clinical, functional or sequence data were excluded. Unless otherwise noted, individuals with partially missing sequence data were included in the Southern Africa and British Columbia autologous adaptation results but were excluded from all other analyses.
Stepwise regression. Stepwise regression for generalized linear models was performed using P < 0.05 and P > 0.05 as entry and exit criteria, respectively. For the controller data (Supplementary Fig. 3b) , logistic regression was used, and all HLA alleles, at both type and subtype resolution, observed in at least five individuals were included as potential features. For these analyses, we excluded all HLA supertypes. The q-values were estimated from the P values of all possible features, conditioned on the final model.
Stepwise regression was also applied to the Southern Africa and British Columbia cohorts to identify the dominant alleles that contribute to clinical parameters. For these applications, only HLA-subtypes (four-digit) observed in at least 20 individuals were considered, and age, sex and cohort indicator variables were included in the model as covariates.
Cox proportional hazards model. We assessed the association between transmitted adaptation and CD4 + T cell decline using the 46 Zambian transmission pairs for whom we had longitudinal CD4 + T cell counts from the period immediately after transmission. We evaluated the relationship using the Cox proportional hazards model, treating the adaptation of the donor virus to the recipient alleles as a continuous variable and treating sex, age (≥40) and sample date (>median) as covariates (none was significant). For Figure 3a , we stratified individuals on the basis of the mean transmitted adaptation over those 46 subjects. For that figure only, the adaptation score was scaled so that a oneunit change corresponded to the difference in mean adaptation within the two strata. Thus, the reported hazard ratio (3.0) indicates that an individual with above-average transmitted adaptation progresses to a CD4 + T cell count < 250 cells per mm 3 at a threefold-higher rate than an individual with below-average transmitted adaptation.
Our pre-specified endpoint was a CD4 + T cell count < 250 cells per mm 3 . This endpoint was based on two factors: (1) the national therapy guideline at the time of sampling was a CD4 + T cell count < 200 cells per mm 3 , and no individuals initiated with a CD4 + T cell count > 250 cells per mm 3 ; and (2) 27 of 46 (59%) individuals reached a CD4 + T cell count < 250 cells per mm 3 within the timeframe of the study. As a post hoc analysis, we repeated the analysis for CD4 + T cell count thresholds, incrementing by 50 cells per mm 3 , and including therapy initiation as an additional endpoint; results were significant (P < 0.05) for all endpoints from 150 to 350 cells per mm 3 , with hazard ratios ranging from 2.2 to 3.2.
Linear mixed models. With the chronic data, our primary goal was to estimate the effect of adaptation on clinical parameters. However, HLA class I alleles are known to represent the primary host genetic factor that influences VL and CD4 + T cell counts 94, 95 . A number of different HLA alleles within the HLA-I loci have been reported as significantly associated with VL, with differences observed among HIV subtype, cohort and disease stage. Furthermore, some HLA alleles appear to have HLA-subtype-specific effects on VL and CD4 + T cell count (most prominently, B*58:01 compared to B*58:02, but others as well), whereas other alleles act at the type or even the supertype level. It is therefore clear that all HLA alleles, at all resolutions, need to be accounted for in assessments of the effects of a new independent variable.
To this end, we used linear mixed models (LMMs). In this setup, we conceptually build a linear model with a separate weight for every HLA allele (we provide one each at the supertype, type and subtype levels for each HLA allele). Because such a model is overparameterized, we place a Gaussian prior distribution on the parameter for each HLA and integrate out the HLA effects on the basis of those priors. The parameter-specific Gaussian priors are specified by N N N ( , ), ( , ), and for the HLA A, B and C alleles, respectively. In this way, we are able to condition on all HLA alleles while allowing the variance of effect sizes to differ among loci. In addition, we treat the subcohorts (Southern Africa) and sampling year (British Columbia) as random effects, drawn from a separate Gaussian distribution with its own variance, similar to the treatment for other random effects noted in the text. When displayed in tables, all features in italics are treated as random effects with their own effectsize variance. We used the LMM implementation from the Matlab statistics toolbox. The model can be expressed as
where Y is the N × 1 response vector, X is the N × P fixed-effects design matrix, Z i (i = 1,… , R) are the N × Q i random effects design matrices, β is a P × 1 fixedeffects vector, B N I
2 is the variance of the elements of E, and s i 2 is the variance of the estimates of B i . This model thus groups random effects by categories (for example, each HLA-B allele is grouped with all HLA-B alleles), then estimates different variance components for each effect category. Models were fit using both restricted maximum likelihood (REML) and maximum likelihood (ML). The fraction of variation explained (pseudo-R 2 ) npg was computed according to the likelihood ratio test method 96 , trained using ML. P values for the fixed effects were derived from the standard error of the estimated effects (trained via REML); P values for random effects came from the likelihood ratio test (trained via ML), corrected for boundary effects 97 .
Allele-specific adaptation. To estimate the effects of allele-specific adaptation, we constructed a series of independent linear models, one for each HLA subtype h. Each linear model was defined as follows:
where y i is the value of the dependent variable (transformed VL or CD4 + T cell count) for individual i; h i is a binary variable indicating whether the individual i expresses h; Adapt h i s ( ) is the autologous adaptation to h for each individual i, defined as 0 if h i = 0; x i is a vector of covariates; β is the corresponding vector of weights; and ε i is independently sampled from a Gaussian distribution. In this context, the covariates are indicator variables for cohort of origin, sex, age (≥40) and HLA subtypes identified via an independent stepwise regression analysis. Because Adapt h i s ( ) ranges from −1 to 1, β 1 − β 2 defines the expected relative change in VL attributable to h in the complete absence of allele-specific adaptation, and β 1 + β 2 defines the expected relative change in VL attributable to h in the presence of complete allele-specific adaptation. The 95% confidence intervals and P values are readily obtained from the variance-covariance matrix associated with the parameter estimates. Figure 2b and Supplementary Figure 3c show all alleles for which a likelihood ratio test against a null model with β 1 = β 2 = 0 was significant at P < 0.05. This threshold corresponded to a 10% false discovery rate for both VL and CD4 + T cell count. In Figure 2b , we show the results of testing the null hypothesis β 2 = 0, indicating the significance of allele-specific adaptation on VL (and similarly for CD4 + T cell count; Supplementary Fig. 3c) .
Longitudinal data analysis. To test whether changes in adaptation predict future changes in VL, we used longitudinal VL and sequence samples from the Zambian transmission-pair data set and analyzed them in an autoregression mixed model with second-order lag and random intercept varying by subject and HLA allele. Adapting the above notation for mixed models, for each subject i, we modeled VL at time point t (described below) using Fig. 7) , and z ij is a vector of random effects, with b j ~ N (0, σ j ) denoting the random effect weights. Here we used HLA alleles (as above) and subject identifiers as random effects to account for subject-and HLA-specific effects on the change of VL over time. The model thus assumes that VL at any time point can be predicted on the basis of the 'before' VL measurements, the absolute level of adaptation at the prior time point, and a set of covariates. We chose a lag of two on the basis of exploratory analysis in the absence of adaptation that showed that a third-order lag did not significantly improve model fit. Our primary endpoint was to determine whether autologous adaptation at the prior time point predicted changes in VL at the next time point. Secondary analyses showed estimated effect sizes of alternative definitions of adaptation (allele-specific and protein-specific; Supplementary Fig. 7b) . We also explored a model in which adaptation is the dependent variable and VL is the independent variable, and we varied the definition of adaptation.
To specify the time points, we started with available sequence samples, limiting to samples with complete gag, pol and nef sequencing. These were sampled approximately 0-3, 3-9, 9-15, 15-21 and 21-30 months after infection, though precise sampling times varied among individuals. Each sequence sample was discretized to one of the above time points; if multiple samples discretized to the same time point, the latest sample in the time point was used. VL measurements were discretized to the same time points. If multiple VL measurements mapped to the same time point, we used that closest to the sequencing time point. Only VL measurements made within 90 d of the sequencing samples were used. VL and sampling dates were identical for 384 of 422 matched time points.
Circulating adaptation and HLA alleles. Figure 8a -c display the correlation between allele-specific circulating adaptation and the relative protection attributable to each allele. For each allele, we computed adaptation between that allele and the HIV sequences isolated from all individuals in the cohort (limiting to sequences without missing data). Allelespecific circulating adaptation was then defined as the mean adaptation for each allele over these sequences. We computed this mean separately over all British Columbia and all Southern Africa sequences. City-specific circulating adaptation for the Southern Africa cohort was computed for the three cities with the largest samples sizes (see below). Circulating adaptation thus estimates the expected transmitted allele-specific adaptation were an individual with that allele infected randomly by an HIV sequence selected from that cohort (or city).
To estimate the allele-specific effect on VL or CD4 + T cell counts, we used LMMs as described above, but using a single variance parameter for HLA-A, -B and -C to make cross-locus comparison possible. Age, sex and cohort were used as covariates. The allele-specific effect on VL or CD4 + T cell count was taken to be the best linear unbiased estimate for each allele, which was then regressed against allele-specific circulating adaptation. R 2 and P values were computed as described above for an LMM that uses the best linear unbiased estimate as the dependent variable, HLA locus as a random effect, and allele-specific circulating adaptation as the fixed effect of interest. In all analyses, we limited to HLA subtypes that were observed in at least 20 individuals.
We performed three analyses. In the first ( Fig. 4a and Supplementary Fig. 8a) , we limited the analysis to alleles selected in a stepwise regression procedure, as described above. The second analysis (Supplementary Fig. 8b,c) included all alleles. When all alleles are included, the effect size estimated for each allele shrinks, because of information sharing across allele pairs that are in linkage disequilibrium, as well as the increased regularization effect of the LMM.
In the third analysis ( Fig. 4c and Supplementary Fig. 8d ), we compared cityspecific VL effects against city-specific circulating adaptation. To this end, we limited our samples to individuals from the three cities with the most subjects (Durban, South Africa; Gaborone, Botswana; and Lusaka, Zambia), then performed stepwise regression on those individuals to identify alleles that should be used as covariates. We then tested all alleles for significant interaction effects with the set of city indicator variables using a likelihood ratio test, and we identified four alleles with some evidence of differential effects by city (P < 0.1). We then estimated the city-specific effects on VL in a mixed model, including as covariates the other alleles and demographic variables; all effects were estimated jointly. The city-specific effects on VL compared to city-specific circulating adaptation are shown in Supplementary Figure 8d , which shows a clear trend in which cities with higher circulating adaptation for a given allele are also associated with higher relative VL for that allele. To form an omnibus statistical test, we mean-centered the city-specific VL effects and the circulating adaptation for each of the four alleles (Fig. 4b) . We then estimated pseudo-R 2 and P values by modeling mean-centered VL effects in a mixed model with mean-centered circulating adaptation as a fixed effect and city as a random effect.
Adaptation score. When a CTL response is directed against a particular epitope, there is a fitness advantage for viruses containing genetic mutations that reduce or eliminate that response, provided those mutations do not reduce viral protein function such that the loss of fitness from disrupted protein function is greater than the gain in fitness from reducing the efficacy of the immune response. Although such escape mutations may act by disrupting TCR recognition, HLA binding or epitope processing, the escape mutations are remarkably consistent across individuals with a particular HLA allele. Typically, escape mutations are specific to HLA subtypes 35, 98, 99 , though the same mutation may be selected across HLA types and even supertypes 35 . These observations allow us to conceive of HLA-specific adaptation roughly in terms of the proportion of known HLA-associated sites that have escaped, as we have done previously 21, 22, 100 . The problem with this definition is that it ignores the apparent hierarchy of escape: although escape is largely consistent, there are large variations across individuals in the timing of escape 101 . Some of this variation is due to variation in the frequency with which an epitope is targeted (immunodominance), though even when an epitope is targeted, alternative escape routes may be taken, with some typically preferred over others. In addition, variations in the population-wide prevalence of escape mutations make observation of certain variants more surprising than that of others in any given individual 20 . As a result, simple countingbased metrics of escape will underemphasize the presence of rare escapes and npg overemphasize the presence of common escapes (some of which are consensus in the circulating viral populations).
We consider that a probabilistic approach to estimating HLA-specific adaptation will yield a more intuitive metric that implicitly accounts for the frequency of within-host escape, as well as the baseline frequency of escape polymorphisms in the population. Conceptually, our approach is to estimate the probability distribution over all possible HIV sequences, conditional on all possible HLA repertoires. In practice, these distributions are estimated from observed data, as described below. We then define adaptation of a particular sequence to a particular HLA allele as a function of the likelihood ratio that compares a model in which the immune system is restricted by that single HLA allele against a hypothetical null model in which there is no immune response. This ratio is transformed so as to be in the range from −1 to 1. The computation of the adaptation score is thus the result of several steps:
1. Training the model a. A feature-selection step in which the HLA alleles that drive selection at each site are identified b. The estimation of the multinomial probability distribution over all amino acids (AAs) at each site, conditional on all HLAs and the transmitted sequence 2. Defining adaptation of a sequence s with respect to an HLA allele h a. Estimating the probabilities of observing a particular HIV sequence in (1) the presence of a specific HLA and (2) the absence of all immune pressure b. A transformation of the likelihood ratio from step 2a
What follows is a detailed description of each of the steps, beginning with a preliminary introduction that defines the notation and outlines the approach, followed by one section for each of these steps.
Parenthetically, we note that the model described in step 1 does not describe the rate of change in the viral population. Rather, it estimates the distribution of AAs among chronically infected individuals. Because adaptation increases during chronic infection (Supplementary Fig. 2c ), parameter learning is dependent on the average duration of infection in the training set. Thus models trained on individuals with advanced disease (our HIVB model) will encode different AA distributions than those trained on individuals who are at an earlier stage of infection (our HIVC model). Qualitatively, not observing expected escape mutations will thus be less 'surprising' in the HIVC model.
Preliminaries. Let S = {S i } be a random variable with a state space that covers all possible HIV sequences over i = 1, …, N sites (which may span multiple proteins). Our aim is to estimate the probability distribution over S conditional on an individual's HLA alleles. An individual's HLA class I repertoire consists of three to six HLA alleles (two each from the HLA-A, -B and -C loci, with a possibility of homozygosity at each locus). HLA alleles are specified hierarchically 102 . For our purposes, we consider three levels: supertype, type and subtype. Because supertypes are defined on the basis of binding profiles, some alleles do not fit within a supertype, whereas others are classified as two different supertypes 103 . We represent the space of possible HLA combinations using a binary vector H, with one entry for each HLA supertype, subtype and type observed in our training data sets. We refer to a binary vector realization of H as  h, but for ease of notation we sometimes write H = {h 1 , …, h k } to represent the binary vector  h that consists of all zeros except those supertypes, types and subtypes corresponding with the k specified HLA alleles. For example, H = {B*57.01, B*58.01}, corresponds to the binary vector with five entries set to 1: those for B*57:01, B*57, B*58, B*58:01 and the B58 supertype. Our aim is to estimate
for any sequence s and any set of HLA alleles h. Under the assumption of independence among sites, we factor the distribution as
It should be noted that the state of a sequence in chronic infection is strongly dependent on the transmitted sequence, which in turn will be related to other transmitted sequences on the basis of phylogenetic relatedness. Thus, we write the per-site probability distribution using the law of total probability as
where T = {T i } represents the space of possible transmitted HIV sequences over i = 1, …, N sites. See ref. 104 for a full motivation and explanation of this factorization that is used to create the phylogenetically corrected distribution. As described below, in the present application, Pr(S i = s i | H = h, T i = t i ) is defined according to a modified logistic regression model. The prior distribution over the transmitted sequence, Pr(T i = t i ), is specified differently for model training and estimation of adaptation. For simplicity of notation, here we often use the shorthand Pr(s | h) to mean Pr(S = s| H = h), and similarly for other random variables (capital letters) and their realizations (lowercase letters).
Step 1: training the model. The model is trained from large cross-sectional observational cohorts of chronically infected, therapy-naive individuals for whom HIV sequence and linked HLA types are available. The process begins with feature selection (step 1a). By assuming independence among sites, we are able to estimate independent per-site models. Importantly, any given site is unlikely to be under selection pressure from more than a couple of HLA alleles. Indeed, in a recent large-scale HLA association study using our subtype B training data, there were an average of 1.3 HLA alleles associated per site that was associated with at least one HLA allele 36 . Thus, our first step is to identify site-specific HLA alleles, so that estimation of the probability distribution is parameterized only by those alleles for which there is statistical evidence of selection. To this end, we use previously published approaches to identify HLA associations 35, 36, 104, 105 . Of note, these methods treat each individual amino acid at each site independently, as this simplifies the model and increases statistical power. The result is a list of HLA-AA pairs with a corresponding q-value that is an estimate of the proportion of associations that are false positives among those associations that are deemed significant at the corresponding threshold 92 . We chose q < 0.2 as our threshold. The full list of HLA-AA associations is available in the Supplementary Data Set.
These methods are based on the phylogenetically corrected logistic regression model, which models Pr(S i | h, t i ) using logistic regression, with 0/1 binary features for each HLA allele and a −1/1 binary feature for the transmitted state t i . Thus, we can specify the model for amino acid a at site i as Under this model, in the absence of HLA-mediated selection pressure, the logodds that S ij = 1 is β 0 if the individual was transmitted amino acid a and −β 0 if the individual was transmitted any other amino acid. To perform feature selection, we start with the null model of no selection pressure (β = 0), then systematically test each HLA j using maximum likelihood to optimize β j and β 0 . The HLA that results in the maximum likelihood is allowed to stay in the model, and the process is repeated until no HLA yields a significant addition at P < 0.05 by the likelihood ratio test. These P values are used to estimate false discovery rates, which are estimated over all amino acids at all sites within a single protein.
All tests at q < 0.2 were treated as significant, and the remaining tests had their weights set to β j = 0.
Because the transmitted AA was not observed, we average over all possible states (t ia = 1 and t ia = −1). The probability distribution Pr(T ia = 1) is estimated from the phylogeny, which is parameterized as a continuous-time Markov process with a reversible substitution-rate matrix. To this end, we begin with a phylogeny, the structure of which is estimated using PhyML 3.0 (ref. 106) . For each site, we estimate a general time-reversible (GTR) substitution-rate matrix R (under two states) and a stationary binary AA probability distribution π using the expectation maximization (EM) algorithm 107, 108 . For each expectation step, we fix the β parameters from the logistic regression portion of the model, as well as phylogenetic parameters, then estimate the marginal and pairwise-marginal npg distributions of all hidden nodes in the tree, including the hidden nodes that represent the transmitted virus. Using these marginal distributions, we then maximize the likelihood with respect to both the phylogenetic parameters and the logistic regression parameters (β). The process is repeated until convergence. The details of the EM algorithm for phylogenies are given in ref. 108 . Maximization of the logistic regression parameters, conditional on Pr(T ia = 1), is achieved through the creation of fractional observations for each individual, where Pr(T ia = 1), estimated for each individual in the tree, defines the weight for each fractional observation. For binary models, the matrix exponentials required for the continuous-time Markov process can be computed analytically, leading to substantial simplification and speedup. Additional steps can be taken to deal with ambiguous HLA data, which involve treating the high-resolution HLA variables as missing data, conditional on the low-resolution types and estimated haplotype frequencies, as previously described 36 .
The next step (step 1b) is multinomial logistic regression. The methods described for step 1a have been used previously to great effect in identifying HIV residues that are likely to serve as adapted or nonadapted residues in the context of HLA-mediated immune escape 3 . However, because they treat amino acids at the same position as independent, they do not yield consistent estimates of the probability distribution over all amino acids at a site. To address this, we describe here a modification of the phylogenetically corrected logistic regression algorithm that uses a multinomial GTR substitution model in the phylogeny and multinomial logistic regression model to estimate Pr(s i | h, t i ).
For a multinomial logistic regression model with A states and M predictors, we can define the probabilities for each of the A states as
where AA a denotes the ath amino acid, β a is the M × 1 parameter vector for AA a , and 1 (·) is evaluated as 1 if the contents are true and as 0 otherwise. Thus the transmitted amino acid places β 0 weight in favor of the same amino acid and −β 0 weight against all other amino acids.
To set up this model, we begin with all amino acids observed in at least three of our training sequences, then add 'X' to represent all other amino acids. The space of HLA variables that are allowed to have nonzero weights is taken as the union of all HLA variables that were associated with any amino acid at site i in step 1a. The weights are then chosen to maximize the likelihood, subject to an L1-norm regularization penalty term that subtracts l b b
, , Σ + 0 , j = 1, …, M, a = 1, …, A, with λ i chosen independently for each site using sevenfold cross-validation.
As in step 1a, the distribution over the transmitted amino acid, Pr (t i ), is taken from the marginal distribution for the hidden node that represents the transmitted sequence in the phylogeny, which in turn is affected by the parameters of the multinomial logistic regression model, as well as the observed amino acids at the tips of the tree and the phylogenetic parameters, which consist of the substitution rate matrix R and stationary distribution π. Optimization of these last parameters is carried out using an EM algorithm, with the M-step including maximization of both phylogenetic and logistic regression parameters, conditional on the inferred marginal and pairwise marginal distributions on the internal nodes. We parameterize the phylogenetic model as a site-specific GTR model with A states. The model is trained with a modification of the algorithm described by Holmes and Rubin 108 , as described in the next section. Of note, the trained parameters (R,π) represent HLA-corrected, site-specific estimates of the standard phylogenetic parameters, with π representing the steady-state amino acid frequency distribution, and R representing the transition rate matrix, each corrected for the effect of HLA-mediated selection and the phylogenetic structure.
EM algorithm for multistate phylogenies. Holmes and Rubin 108 describe an EM algorithm for maximizing the likelihood of a continuous time Markov process over A states with respect to the substitution-rate matrix R and the stationarystate probabilities π. Their model is defined for general (nonreversible) R and π, with reversibility heuristically imposed and the constraints that all substitution rates be positive and that π defines a probability distribution imposed by Lagrange multipliers. In practice, we found that these approaches were numerically unstable and frequently resulted in invalid R (e.g., nonreversible or containing negative entries) and π (containing negative entries or failing to sum to one). We therefore modified the procedure as follows.
We start by following Holmes and Rubin in calculating the expected complete log likelihood with respect to given parameters (R,π) and updated parameters (R′,π′) as where a and b index into the A possible amino acid states observable at site i, and ŝ j , ŵ j and û jk are sufficient statistics computed from (R,π) and described by Holmes and Rubin 108 . These correspond, respectively, to the expected number of substitution paths that start in state a, the expected time spent in state a, and the expected number of a → b transitions. Whereas Holmes and Rubin introduce Lagrange multipliers to Q to enforce boundary constraints, maximize the resulting expression with respect to (R′,π′) and then make a heuristic correction to ensure that R′ is reversible, we begin by parameterizing R with respect to its stationary probability distribution π to enforce reversibility. Specifically, we define the substitution rate matrix as on the rates and probabilities. For optimization, we use an efficient implementation of L-BFGS quasi-Newton optimization 109 .
Step 2: defining the adaptation of a sequences with respect to an HLA allele h. First we estimate the probability of a sequence in an HLA context (step 2a).
Step 1 yields a model that allows the estimation of the probability of observing any given AA at site i in the context of any set of HLA alleles and given any transmitted amino acid. As our ultimate goal is to measure adaptation, we consider that a useful distribution over the transmitted AA, Pr(t i ), is our estimate of the ancestral (equivalently, steady-state) distribution, provided by π, which represents an HLA-corrected estimate of the 'ideal' distribution in the absence of HLA pressure and corrected for the phylogenetic structure of the observed sequences. We therefore estimate which is an estimate of the probability of observing any particular sequence in a chronically infected individual who expresses HLA alleles h. The next step (step 2b) is to define the adaptation score.
Step 2a yields a probability distribution over HIV sequences conditional on a set of HLA alleles. In practice, we find it most helpful to consider a single HLA allele at a time. Thus, if |h| = 1, then Pr(S = s | H = h) is the probability of observing s in an individual whose CTLs are targeting only epitopes presented by h. We then define the adaptation of s to h as where H = Ø is a vector with all HLA variables set to zero, representing an HIV sequence evolving in the absence of immune pressure. The transformation g x ( ) maps the ratio to a heavy-tailed sigmoidal function on the range (−1,1), with 0, 0.75, 0.85 and 0.90 respectively corresponding to the cases where the HIV sequence is equally, ~10-fold more, ~100-fold more or ~1,000-fold more likely in the context of the HLA allele than in the absence of any selection pressure. Because we define Pr(t) = π, the adaptation score has the intuitive interpretation as a measure of the extent to which the deviation of s from the idealized ancestral sequence is due to selection pressure mediated by h. Further, by defining the adaptation score in terms of a null immune response, we naturally normalize for variations in sequence coverage due to incomplete or ambiguous sequencing.
Notably, our independence-of-sites assumption allows the straightforward combination of adaptation scores computed from two different genomic regions. For example, if we have computed adaptation of Gag and Nef with respect to an HLA allele h, then we have
The shape of the inverse tangent function is such that the approximation is close to equality when the adaptation scores of the regions are both between −0.5 and +0.5. Because the models are trained on high-resolution HLA types, Adapt s (h) must be extended to cover low-and medium-resolution data sets. If h j represents a low-or medium-resolution HLA type, with corresponding subtypes h jk , k = 1, …, K, then the adaptation of s with respect to h j is defined as the weighted average of the adaptation of s to the possible subtypes,
